In order to derive a mathematical framework our goal was to construct a hierarchy of growth models and then identify the model that best described the experimental data; this was done in three major steps. First, we determined the best-fitting growth law and estimated individual growth rates for the 18 isogenic lines, from experiments in which each single clone grew in competition with solely the parental clone. Second, we described a set of nested mathematical models of polyclonal tumors based on these growth rates. Depending on the complexity of each model, we calculated additional parameters that govern the influence of an individual clonal sub-population on the other clones, and hence on total tumor growth. The prime candidates of driver clones to be tested were IL11 and CCL5 (see main text, Fig. 2 ). In the simplest model, one interaction parameter was used. We independently measured two different quantities in each of the 12 in vivo tumor growth experiments used: (i) clonal growth in terms of frequency change, and (ii) tumor growth in terms of tumor size change. Thus, third, we used our mathematical models to predict tumor sizes for each independent polyclonal tumor growth experiments. We then compared predicted and observed final tumor sizes, using a concordance correlation coefficient (CCC)
instance using an exponential or logistic growth law 2 . By comparison of the linear regression performances, we found that an exponential growth model provided the best fit to the data. As two alternatives to the exponential growth law, we investigated the Gompertzian growth law 3, 4 , and the classical Verhulst equation typically used in mathematical ecology 5, 6 . To test the performance of an exponential growth model, we performed a linear regression (in R or Wolfram Mathematica) on the log-linear-transformed data; to test the Gompertz law, we performed a linear regression on log-transformed logarithmic differences in size over time (e.g. the logarithm of Log[N(t+1)]-Log[N(t)]), which typically smoothens the data significantly. To test the Verhulst equation, we performed a nonlinear regression. The P-values of a two-sided t-statistic were lowest for simple exponential growth (P<0.001). Exponential tumor growth is discussed also in the Extended Data Figure 3 .
Based on the analyses outlined above, we described the tumor size dynamics by an exponential growth law over time t, tumor size ~ !"#$%& !"#$ × !
This growth law is the simplest choice of deterministic population expansion. Then, for each point in time, the size of the entire tumor population is the sum of its subpopulations, which are assumed to each grow exponentially as well,
The quantities ! and ! ( ) represent the total cell count in the tumor population and cell count of clone j, respectively, both at time t. The initial size of each clone is equal to the product of its initial frequency and the total size: ! 0 = ! 0 ! .
For cell numbers N, volumes V and masses m, we assume identity of the ratios, ! / ! = ! / ! = ! / ! . We convinced ourselves that tumor density (mass per volume) did not correlate with time of extraction, and that volume and mass are in linear relation to each other (see Extended Data Figure 3 ).
If ! is the total initial size and ! (0) are the initial clonal frequencies, then the fold-change in size follows
The function ! ( ) describes the growth function of clone j in polyclonal tumors, which might be different from the growth rate observed when that same clone grows in a parental background. We thus aimed to model the context-dependent growth of individual clones using this function ! ( ). Equation (3) states that the growth of the polyclonal population, measured in fold-change, is the sum of individual clonal expansions, where the functions ! ( ) may account for clonal interactions. The resulting mathematical model can be used to predict the size of the total tumor population from the growth dynamics of individual clones.
Different mathematical model assumptions about the context-dependent growth dynamics lead to different predictions. These different model predictions can be compared in terms of predictive power using a concordance correlation coefficient, comparing a set of predictions and a set of measurements. With each variant of a tumor growth model we predicted a set of tumor sizes (!) , where the superscript index represents a particular experiment. Predictions could then be compared to the set of observed size measurements, which were independently performed on the same tumors and are denoted by (!) . With respective averages and variances of tumor size predictions and measurements given by , , and ! , ! , the concordance correlation coefficient for experiments [1] can be written as
Such a statistical measure allowed us to assess and compare the performance of individual models in terms of their predictive accuracy, where different models are characterized by different functions ! . The value of CCC always lies between -1 (perfect anti-correlation and no concordance) and 1 (perfect correlation and full concordance).
Individual clonal growth against parental background (monoclonal experiments)
We first analyzed experimental data of each of the 18 individual clones growing against parental cells at a frequency of 1/18 (clone i) versus 17/18 (parental cells) (see Table M1 ). These 18 different clone-vs-parental experiments were performed starting with a fixed size of 10 ! cells. For each independent experiment, after varying times, tumor volume and mass were recorded and the frequency of the clone was detected. The growth rate of each clonal line was determined in the following way. If the time from first to last measurement is denoted as T , initial total tumor size and clonal frequency are given by x i (0) and N 0 , and the final size and frequency are given by N T , x i (T ) , we can estimate the growth rate of clone i as
All average growth rates are summarized in Table M1 . For ! , a standard measured value of 10 ! cell was used. The first volume measurements were taken several (4-12) days after tumor transplantation. Hence, when volumes were chosen to estimate ! , we re-set ! to 4-12 days (depending on the individual experiment) and assumed that frequencies had not changed significantly during initiation. For initial tumor sizes used in this calculation see Table M2 .
Polyclonal experiments
Twelve polyclonal tumor growth experiments were performed by initializing each tumor with equal frequencies of all 18 clones, i.e. with initial frequency of each clone of 1/18 = 5.56%. All tumors were initiated with 10 ! cells, i.e. containing about 55,500 cells of each clone. Examples for initial tumor masses and volumes of polyclonal tumors are provided in Table M2 . For each of the 12 independent experiments of polyclonal tumors, two measurements were taken at the final time point: (i) size (diameter/volume, and weight) and (ii) the 18 clonal frequencies (qPCR, see Figure 2 and Extended Data Figure 5 ). From the frequency data, the individual expansions of each clonal sub-population were estimated by maximizing the concordance correlation coefficient between an array of predicted sizes of clonal sub-populations and the actually measured clonal sizes. One could also minimize a mean squared error varying the interaction parameters of the model. IN the following we describe a hierarchy of nested growth models.
Using a given mathematical model, the change in total tumor size was predicted, which then allowed comparison of different models. The simplest model assumes linear and independent clonal growth in polyclonal tumors, i.e., ! = ! ! , This leads to the prediction (Model 0):
Here, a mixed tumor would only be influenced by the independent growth of its clones as observed in the respective clone-vs-parental context. Calculating the concordance correlation coefficient between tumor size prediction and measurement, Eq. (4), for Model 0 gave a value of 0.019, corresponding to very weak positive correlation and concordance between predicted and measured total tumor sizes across the 12 polyclonal experiments (see Table M3 ).
Context-dependent clonal growth
We next extended our mathematical framework to include a growth effect on polyclonal tumors induced by IL11, quantified by a single additional parameter . The clonal growth law was thus extended to
where f(n 1 ) represents a function of the frequency of the IL11 clone. We considered two distinct choices for this
, where θ ! − !"!! is one if the frequency of the IL11 clone is above a threshold !"!! , and zero if IL11 is not present. Second, we used the linear form ! ! = ! (Model B). These choices were made to design a linear extension of Model 0, either by a constant addition in growth only modulated by the existence of IL11 (Model A), independent of its frequency, or by assuming that the growth advantage is proportional to the amount of IL11 present in the tumor population and distributed onto the beneficiary clone (Model B). In particular, the system of equations
for = 2,3, … ,18, leads to the clonal growth laws of Model A:
for the driving (IL11, or CCL5) clone, and
for all other clones. In addition we chose to describe non-cell autonomously driven clonal expansions by the set of differential equations
The effect tuned by the parameter is also proportional to the number of IL11 cells and not only to their presence above threshold, i.e. the clonal dynamics of Model B are governed by the following equations:
Note that the growth rate-enhancing factor is assumed to be the same across all clones. This is a deliberate choice of minimal complexity, constrained by the data.
In the next step, we designed a more complex model in order to evaluate whether in our framework, the influence of IL11 on tumor growth would be sufficient to describe the observed tumor sizes, or whether additional clones needed to be considered. In this more complex model, a second cell type affects growth according to the following system of differential equations:
where = 2,3, … , − 1, + 1, … ,18. This assumption quickly led to a solution of complicated form, nonlinear in orders of , , and , but generally solvable using standard methods such as variation of parameters. We performed a further linearization, omitting terms of higher than linear order for small values of and , which led to the following system of clonal growth equations, Model C:
Using this model, we sought to test whether including any other additional clone would lead to a significantly improved description of context-dependent growth of polyclonal tumors.
Comparing different models of clonal interdependence
A step-by-step increase in complexity outlined above led to a set of different tumor size predictions. These predictions were then evaluated in their fit to experimental data, using the CCC, Eq. (4), see Table M3 . Model 0 did not lead to a satisfying outcome in predictive power (CCC=0.02). The linear effect of a driver clone in Models A and B demonstrated a drastic improvement of the predictions (Table M3 ). In the case of CCL5 as the additional driver clone, including a second driver (Model C) did not improve the predictive power. In the case of IL11, however, the prediction improved when including CCL5 as the second driver of tumor growth.
In summary, our models are linear in all growth rate parameters after log-transformation. The search for the Table M3 .
Parameter variability across polyclonal experiments
We used the clonal frequency data in mixed experiments to optimize predicted clonal frequencies compared to measured clonal frequencies, as a function of the independent parameters of our model, i.e. as a function of in the cases of Models A and B, or as a function of and in the case of Model C. We decided to maximize the concordance correlation coefficient between 18 pairs of measured and predicted clonal frequencies, separately for each individual experiment. In this way, the model parameters exhibited variability across experiments. Within each experiment, this led to a prediction of total tumor size. A limitation of our linear modeling approach is that in principle, the mathematical framework can predict a negative tumor size. Negative predicted tumor size occurred in several experiments; these cases were omitted from further analysis of model comparison.
Measuring clonal heterogeneity: Shannon index
A classical function in ecological modeling that measures heterogeneity, or diversity, is Shannon index ℎ( ).
This index quantifies the degree of diversity or "information content" in a sample, i.e. the uncertainty of picking a cell of a particular clone at random. If there are 18 different clones and their frequencies at time are denoted by ! ( ), Shannon's diversity index 7 is given by
Here, ln is the natural logarithm of . For Model 0 (no effect of IL11) and Model B (linear effect of IL11), we provide a qualitative example for the temporal evolution of Shannon index using values of growth rates estimated from Tables M1 and M3, 
Illustrative example discussed in the main text using estimated parameters and Model B
The polyclonal growth data, with only two time points, is rather simple in structure. Hence, the actual value of the additional growth effect as modeled by the parameter might not be very informative. However, in the main text, Fig. 4 , as well as Extended Data Fig. 3 , we present an example to illustrate the effect of non-cell autonomous driving by IL11 on sub-clonal diversity. In this example, we use the average additional growth rate measured across polyclonal experiments, ≈ 0.012/ , as well as four values of linear autonomous growth, calculated using Equation (5), from the data presented in Figure 2 . We modeled a hierarchy of four clones with monoclonal net growth rates of 0.07, 0.06, 0.05, and 0.03 per day, in a tumor of 10 ! cells initially. The lowest growing sub-clone was initially present with frequency 15/18. The other three sub-clones were initiated with frequency 1/18, respectively. Growth was calculated according to Model B, Equations (12), (13). In the main text, Figure 4 , we then compared how sub-clonal diversity, measured by Equation (18), changed over time, with ( = 0.012/ ) or without ( = 0.000/ ) non-cell autonomous driving. Note that diversity peaks in both cases, which is simply due to the initial condition. However, diversity was lost without non-cell autonomous growth support, but could be maintained otherwise. Extended Data Figure 3 shows the growth of each clone and the total tumor, as well as the respective frequency changes under non-cell autonomous driving to the effect described above.
Estimation of cell numbers
To estimate the number of cells in a given tumor volume, we measured cell densities in two dimensional tumor biopsies. Tumors also showed necrosis, which lead to estimates of the necrotic core area in percent of tumor volume. We first estimated the number of cells in a volume unit. We assumed homogeneous cell density in non-necrotic regions irrespective of the clonal sub-type. If there are cells counted in an area of a tumor slice , the linear cell density is ! ! per unit of length. Thus
gives the relation between a densely populated unit of tumor volume and the number of cells in it.
Estimates of necrotic cores were also based on area percentages. Then, if the tumor had overall diameter , and necrotic percentage , the diameter of the necrotic core was estimated to be = . The actual volume containing non-necrotic tumor cells could be calculated as
This is an approximation as we assumed spherical symmetry and confined necrosis. A sketch of how we estimated cell numbers in a tumor sample is given in the Extended Data Figure 3 .
Non-cell autonomous driving by LOXL3 can drive IL11 below detection threshold
The context dependent tumor growth advantage provided by IL11 can lead to a significant decrease of IL11 cells in relative abundance when LOXL3-driven cells are present because the latter are a second strongly autonomous growing population. In the main text (Figure 4) , we discuss how LOXL3, driven by a co-growing IL11 population, brought ILL11 below detection threshold. This effect depends on the initial condition. We can calculate the frequency of IL11 when co-growing with LOXL3 using Equations (12) and (13), as a function of its initial frequency !"!! (0),
Here, !"#!! and !"!! are the growth rates according to Table M5 . In two setups of 1:18 and 1:1 initial mixture of LOXL3 and IL11, the IL11 population was below detection threshold in the former ( !"!! 0 = 1/18), but not in the latter ( !"!! 0 = 1/2) scenario. In the first case, IL11 was driven to frequencies below 0.01. In the second case IL11 was detectable at values between 0.02 and 0.1. Equation (21) can explain this observation under variability of the non-cell autonomous driving factor , which has to be significantly larger in the LOXL3-IL11 cell mixture with !"!! 0 = 1/18. The non-cell autonomous effect seemed to be optimized when IL11 cells are rare, but eventually lead to dominance of the beneficiary cell line. Table M3 : Predictive power of the different models according to the CCC-value comparing a set of predicted tumor sizes with a set of measured tumor sizes. Model 0 describes independent growth, i.e. independent exponential clonal expansions according to the average growth rates given in Table M1 . Models A and B describe tumor growth influenced by IL11 or CCL5, the former independent of density, the latter proportional to density of the driver. Table M5 : Sub-clonal growth in competition of IL11 with LOXL3. When competing against the parental cell line, IL11 and LOXL3 show very similar clonal growth rates, but total tumor growth is significantly enhanced when IL11 is present (see also 
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